Breast ultrasound (BUS) imaging is an imaging modality used for the detection and diagnosis of breast lesions and it has become a crucial modality nowadays specially for providing a complementary view when other modalities (i.e. mammography) are not conclusive. However, lesion detection in ultrasound images is still a challenging problem due to the presence of artifacts such as low contrast, speckle, inhomogeneities and shadowing. In order to deal with these problems and improve diagnosis accuracy, radiologists tend to complement ultrasound imaging with elastography data. Following the prominent relevance of elastography in clinical environments, it is reasonable to assume that lesion segmentation methods could also benefit from this complementary information. This paper proposes a novel breast ultrasound lesion segmentation framework for B-mode images including elastography information. A distortion field is estimated to restore the ideal image while simultaneously identifying regions of similar intensity inhomogeneity using a Markov Random Field (MRF) and a maximum a posteriori (MAP) formulation. Bivariate Gaussian distributions are used to model both B-mode and elastography information. This paper compares the fused B-mode and elastography framework with B-mode or elastography alone using different cases, including illustrative cases, where B-mode shows a well defined lesion and where elastography provides more meaningful information, showing a significant improvement when B-mode images are not conclusive which is often the case in non cystic lesions. Results show that combining both B-mode and elastography information in an unique framework makes the algorithm more robust and image quality independent.
INTRODUCTION
Breast ultrasound elastography is a recent diagnostic technique which is based on imaging the difference in stiffness between cancerous and benign tissues. Clinical studies support the use of this technique to enrich current screening methods. [1] [2] [3] Following the prominent relevance of elastography in clinical environments, it is reasonable to assume that lesion segmentation methods could also benefit from this complementary information. This paper proposes a novel lesion segmentation framework that takes intensity (B-mode) and elastography information into account using a Markov Random Field (MRF) and a maximum a posteriori (MAP) formulation. Previous work had fused RF signal with elastography 4 or had used 3D US segmentation to extract elastography information 5 but, to our knowledge, this is the first attempt to incorporate both B-mode and elastography information in a common framework for breast lesion segmentation. The structure of the paper is as follows: the method is outlined in Section 2 and evaluated in Section 3 using B-mode and elastography independently and using the combination of both modalities. Section 4 concludes the paper and discusses future work.
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METHODOLOGY
The proposed methodology is based on the work of Xiao et al., 6 who proposed a breast ultrasound lesion segmentation framework for B-mode images. They simultaneously estimated a distortion field (considered as an additive artifact of the logarithmic ideal image) to restore the ideal image while at the same time identifying regions of similar intensity inhomogeneity with an MRF-MAP framework using exclusively intensity information. This framework can be updated using multivariate distributions to include additional information. In this paper we focus on including elastography information hence a bivariate framework is presented.
Elastography information can be seen as a grayscale image. Indeed, in clinical environments elastography information is commonly shown as an overlay in B-mode screening process assigning intensity value ranges to a different color to visually help radiologists (see Figure 1) . Hence, elastography information can be combined with B-mode information to improve segmentation results, mostly when B-mode image information is not enough to locate the lesion. 
Image Model
In this work we assume that both images (B-mode and elastography) present intensity inhomogeneities and these are described by a multiplicative field. A logarithmic transformation yields such multiplicative model to an addition. Let the observed and ideal log-transformed intensities respectively denoted by y and y * , then y = y * + d where d denotes the log-transformed intensity bias field. Given the class label x i ∈ L, where L denotes the label set. Note that y * i at pixel i refers to both B-mode and elastography values at that pixel. It is assumed that those values, y * i , follow a bivariate Gaussian distribution with parameter θ(x i ) = (μ xi , Σ xi ), where μ xi are both means for B-mode and elastography and Σ xi the covariance matrix of class x i .
Experimental results corroborates the validity of the assumption of a bivariate Gaussian distribution for both lesion and background information in B-mode and elastography as illustrated in Fig. 2 Considering the bias field, the above distribution can be rewritten in terms of the observed intensities y i as
and the class-independent intensity distribution is denoted by
Thus, the intensity distribution is modeled as a bivariate Gaussian mixture and, assuming that the pixel intensities are statistically independent, the probability density for the entire image given the bias field is 
where S denotes the image pixels set.
Label Estimation Using MRF-MAP Framework
Markov Random Field (MRF) formulation is needed to keep spatial information. It is assumed that neighboring sites have direct relationship with each other and they tend to have the same class labels. The probability density of a MRF model can be described as a Gibbs distribution
which defines an energy function as
where V c (x) is a clique potential over all possible cliques C which is defined as a subset of pixels in S where every pair of pixels are neighbors. β is a positive constant which controls the size of that clique and Z is a normalization term. The clique potential of x i with respect to its clique neighbor x i is of the form
Once the energy function U (x) is formulated, the maximum a posteriori (MAP) of class labels iŝ
where U (y * |x) is the likelihood energy given by
Expectation-Maximization (EM) Algorithm
To obtain the estimation of the distortion field, the EM algorithm is used to update one label image and intensity inhomogeneity field iteratively, initializing the bias field d to be zero. Since a fast convergence is needed in a few iterations an ICM (Iterated Conditional Modes) algorithm 8 is used.
Expectation step: calculates the posterior tissue class probability W ij using the MRF prior model when the bias field d is known and using p(x i = j|x Ni ) which has the form of Eq. 4
Maximization step: the bias field d is estimated when W ij is known.
where F is a low-pass filter and R is the mean residual values for both B-mode and elastography images in which for pixel i
and ψ is the mean inverse covariance matrix
RESULTS
Although a larger quantitative evaluation is currently carried out, a preliminary qualitative evaluation is presented here to show the behavior of the algorithm dealing with illustrative cases, one where the lesion is easily detected and segmented using B-mode information alone (patient 2) and one where this modality is clearly insufficient (patient 1). Firstly, images are segmented using traditional B-mode segmentation. 6 Subsequently, the image is segmented using only elastography information and finally the proposed method including both B-mode and elastography is used. We have compared the different results in order to determine the benefits to combine both ultrasound information in the lesion segmentation problem. All these experiments have been tested in comparison with manual delineations of the tumors performed by an expert radiologist using B-mode information alone. Using elastography as ground truth will be investigated in the future. Figure 3 shows the segmentation results for patient 1. First row of images refers to B-mode segmentation. In this case, B-mode does not provide enough information to detect clearly the tumor and the method fails. Table  1 shows the quantitative results for this patient. Note that Dice Similarity Coefficient (DSC) is lower than 0.3 which indicates the difficulty of the case. In this kind of images elastography provides better information of the tumor location as is shown in second and third row of Fig. 3 . Using this information, the DSC is close to 0.7, which indicates a good segmentation result.
On the other hand Fig. 4 shows the segmentation results for patient 2 where the tumor is well defined in the B-mode image and elastography does not provide essential information. Breast US images are not commonly as well defined as this example, but we pretend to compare the algorithm response in illustrative cases. Hence, such as we expected, best results are obtained using the traditional framework with B-mode US image alone as is shown in Table 1 . Graphically, note that elastography information obtains an over-segmented result because tumors invade surrounding tissues making them to appear stiffer. In this case, the method proposed in this paper obtained better results than using elastography information only but slightly worse than using B-mode information alone. However the difference between our proposal and the best method is less than 0.075 when the difference in patient 1 is greater than 0.4. 
CONCLUSION
This paper has proposed an unified framework for simultaneously estimating the bias field and segmenting lesions in breast ultrasound using both B-mode and elastography information. We have compared our approach with B-mode or elastography alone using two illustrative cases, one where B-mode shows a well defined lesion and another where elastography provides more meaningful information. Our proposal has obtained satisfactory results in both cases, showing that combining both B-mode and elastography information in an unique framework makes the algorithm more robust and image quality independent. Results have been improved, especially when B-mode images are not conclusive which is the often the case in non-cystic lesions. However, care has to be taken when selecting the ground truth because elastography images tend to provide larger lesions due to the fact that the surrounding tissue is also stiff. This will be investigated in the future, probably correlating the segmentation results with histological information to assess the extension of the lesion. Additional future work will be focused on exhaustively evaluating the proposed method in a larger data set. 
